In this paper a novel approach based on fractal analysis has been proposed to determine MS lesions into two subtypes (i.e., Enhancing lesions (Acute), T1 "black holes" (chronic) lesions) in Fluid Attenuated Inversion Recovery (FLAIR) MR images, automatically. In the proposed method, firstly, MS lesion voxels are segmented in FLAIR images using EntropyBased EM Algorithm and Markov Random Field (MRF) model. Then, Fractal dimension of each lesion voxel is computed in FLAIR images and used with signal intensity features (T1-weighted, gadolinium enhanced T1-weighted, T2-weighted). Finally, a neural network classifier is applied to feature vectors. Evaluation of the proposed method was performed by manual segmentation of chronic and acute lesions in gadolinium enhanced T1-weighted (Gad-E-T1-w) images by studying T1-weighted (T1-w) and T2-weighted (T2-w) images, using similarity criteria. The results showed a good correlation between the lesions segmented by the proposed method and by experts manually. Thus, the suggested method is useful to reduce the need for paramagnetic materials in contrast enhanced MR imaging which is a routine procedure for separation of acute and chronic lesions.
INTRODUCTION
Multiple sclerosis (MS) is the commonest idiopathic inflammatory demyelinating disease of the central nervous system that predominantly affects young adults about 30 years. It changes the morphology and structure of the brain and in the most of case irreversible clinical disability. Much MS research has focused on CNS immune responses because a specific cause for MS has not been identified. One of the most important modalities of medical imaging that assist in the diagnosis and monitoring of MS is MRI. Recently, the study of MRI in MS has been flourishing in the field of research due to its ability in generating multiple images of the same tissue with different contrast mechanisms using different image acquisition protocols and parameters. In its application to MS, macroscopic areas of damage or loss of myelin with hyper or hypo intensities relative to the surrounding tissues are shown by MRI. Different MRI protocols including T1-weighted (T1-w), T2-weighted (T2-w), PDweighted (PD-w), and fluid-attenuated inversion recovery (FLAIR) T2 images are being investigated for improving the performance in the early inflammatory stage and in the advanced stage of the diseases [1] . Figure 1 shows a slice of a multi-parametric MRI of two MS patients. The lesions appear as regions with increased signal intensity on the T2-w and FLAIR images and decreased signal intensity (hypointense) on the T1-w image. There are two major categories of lesions which can be identified with conventional MR imaging: acute lesions demonstrating blood-brain barrier leakage on contrastenhanced MR imaging (enhancing lesions), chronic severely damaged lesions that are hypointense, so-called "black holes" on T1-w MR images [2] . Acute plaques appear with less signal changes in T1-w images due to more inflammation, edema, and little demyelination. The borders of acute plaques in T1-w images are vague and cannot be marginate well because they compared with white matter, will be Signal sointense or hypointense (less darkness). Gradually, the plaques become darker in T1-w images with progress in demyelination process and also chronicity of the disease. The lesions Borders become sharper with more demyelination and gliosis (replacement of fibrous tissue instead of myelin and neuron) As a result of this process some chronic plaques become darker known as black holes. The signal intensity of these plaques will not change in enhanced T1-w images (by injection of the paramagnet contrast materials) and they will appear as hyperintense areas in T2-w images [3] . Ying Wu et al. [2] , proposes Intensity-based statistical k-nearest neighbor (k-NN) classification has combined with template-driven segmentation and partial volume artifact correction (TDS + ) for segmentation of MS lesions subtypes and brain tissue compartments. Khayati et al. [3] , proposes a novel approach for automatic differentiation between stages of lesions based on the signal intensity of the voxels in FLAIR images. Samarasekera et al. [4] , the fuzzy connectivity algorithm used for the quantification of acute lesions. He, Narayana [5] , automatic identification and isolation of acute lesions conducted, by local adaptive segmentation algorithm based on morphological of operation and fuzzy connectivity algorithm respectively. Moreover, Filippi et al. [6] , Rovaris et al. [7] and Filippi et al. [8] , from the semi-automatic segmentation and supervised manual segmentation, such as local thresholding for chronic lesions segmentation, which may under the user should be. In this paper, we have presented a novel approach for automatic determination of MS lesions subtypes based on fractal analysis of the voxels in FLAIR images. In the next section, first, an overall perspective of the proposed approach is presented. Then, the applied methods including: patients and MR imaging procedure, preprocessing, manual segmentation of chronic and acute lesions, brain segmentation in a head image, and MS lesion segmentation are discussed. Later on, the proposed approach is explained in more details and the evaluation method is presented.
METHODS
The general overview of the procedure for determination of MS lesions subtypes is shown in Figure 2 . In the first phase of the proposed method, pre-processing and normalization of raw magnetic resonance images is desired.
Then, the lesions are extracted from normal tissue and cerebrospinal fluid (CSF) in the FLAIR images. Then, a binary mask is generated from the lesions class, resulted from previous step and applied to the original slices (T1-w, T1-Gad and T2-w) to extract the lesions. Also, fractal dimension of segmented lesions in FLAIR images are computed locally and used along with intensity features. The input dataset and it's desired output containing lesions subtypes which were manually prepared by a neurologist (acute and chronic) are used to train the neural network.
Finally, determination of MS lesions subtypes in MR images are done using the Neural Network classifier and is evaluated by comparing the obtained results with the manual determination.
Patients and MR Imaging
The proposed method is evaluated on a dataset which is obtained and used in [9] . This dataset contains 16 female and 4 male with average age of 29 ± 8 years old, this dataset is selected according to the revised Mc Donald criteria 2005 [10] . All images were acquired according to full field MRI criteria of MS [10] in T2-weighted (T2-w), T1-weighted (T1-w), Gadolinium enhanced T1-weighted and FLAIR in axial, sagittal and coronal surfaces. We selected the FLAIR images, especially axial ones, with lesions in deep, priventricular, subcortical, and cortical white matters (supratentorial lesions). More lesion load and higher accuracy of FLAIR in revealing of these MS lesions were the reason for this selection [11] . Each image volume (patient data) consisted of averagely 40 slices with a 256 × 256 scan matrix. The pixel size was 1 mm 2 , and the slice thickness was 3 mm without any gap.
Preprocessing
As mentioned before, after segmentation of MS lesions in Flair images, a binary mask containing lesion class is applied to the original slices (T1-w, T1-Gad and T2-w) to extract the lesions intensities. So, as the primary step, all slices and all the examinations are registered using SPM software.
Manual Segmentation of Chronic and Acute Lesions
There are two complimentary methods to separate acute and chronic (black holes) lesions: the first is the observation of GD-enhanced lesions for acute ones and the second is the observation of serial T1-w, T2-w, and Gad-E-T1-w slices in different times (imaging follow-up study) for chronic ones. In the second method, lesions which have not been enhanced and repeated in serial T1-w images are recognized as black holes. The segmentation of MS lesion subtypes was performed manually by neurologist and radiologist in Flair images with visual inspection of corresponding T1-w, Gad-E-T1-w and T2-w images. Lesions which have not been enhanced and repeated in serial T1-w images are recognized as chronic "black holes" and lesions which have been enhanced and repeated in serial Gad-E-T1-w images are recognized as acute.
In this study, a neurologist and a radiologist, who were not aware of the results of the computerized methods in this research, were asked to perform manual segmentation of MS lesions in FLAIR images and also, chronic and acute lesions in corresponding Gad-E-T1-w slices. The results of this step for all the selected slices (learning and test) provided binary segmented images, were used as Gold standard [12] to evaluate the performance of proposed method.
Brain and Lesions Segmentation
The brain segmentation was performed using a fully automatic object-oriented approach [13] . This method was based on the regional-spatial characteristics of brain in MR images. At first, original image is converted to a binary image. Then, morphological opening on the binary image is performed and tiny regions are eliminated. Three rectangular masks showing the cerebral regions are produced and the regions in the binary image which have overlap with these rectangles are preserved and, the rest are eliminated. Final mask is generated by dilation of selected regions and filling tiny holes. Finally, an image, which includes only cerebral tissues, is obtained by applying the resulted mask on the original image. Then, MS lesions are segmented in FLAIR images using a fully automatic method which is based on entropy based EM algorithm and Markov random field model [14] . This method estimates a gaussian mixture model with three kernels as cerebrospinal fluid (CSF), normal tissue and Multiple Sclerosis lesions. To estimate this model, an automatic Entropy based EM algorithm was used to find the best estimated Model. Then, Markov random field (MRF) model and EM algorithm were utilized to obtain and upgrade the class conditional probability density function and the apriori probability of each class. After estimation of Model parameters and apriori probability, brain tissues were classified using Bayesian classification.
Then, a binary mask is generated from the lesions class, resulted from previous step and applied to the registered original slices (T1-w, T1-Gad and T2-w) to extract the lesions. The result of this step, Provides Sig-nal intensity feature vectors.
FRACTAL DIMENSION FEATURE
The concept of fractal is first proposed by Mandelbrot [15] to describe the complex geometry of the objects in nature. Fractal dimension (FD) is a real number that describes the fractal property of the object. There are several different methods to estimate the FD.
Estimating fractal dimension from frequency domain is an application of Fourier power spectrum. This method is extendable and is very accurate potentially in terms of calculation. Furthermore, it's calculation based on definite mathematical relations is one of the advantages of this method. Due to above mentioned reasons and the good experimental results, this method was used to estimate fractal dimension in the paper. In this method, the power spectrum (p(u,v)) of an ideal fractal two-dimensional image (f(x,y)) with fractal dimension (f d ) is defined as follows:
, ;
where c is a constant, H is Hurst coefficient, v and u are frequency variables. If the two-dimensional power spectrum of an image is shown as S(r,θ) in Polar coordinates, S(r,θ) could be considered as an one-dimensional function
. Analysis shows the power spectrum behavior for a constant value θ, and could be used to investigate some characteristics such as existence of energy peaks in radiant direction from start. A comprehensive statement for power spectrum is obtained summing these functions [16] :
So, the slope of Least Squares Linear Regression of logarithmic graph S(r) in terms of r equals -2H. Fractal dimension of the image then can be obtained from equation:
where d is topological dimension, which equals 3 for surface. It should be mentioned that estimating the fractal dimension is done excluding DC component from S. For a homogenous texture, most energy is concentrated in low frequencies, H has high value, therefore d t f is small. Whereas, for a heterogeneous texture with vast spectrum, H has low value, therefore d f is big. For each pixel which belongs to lesion class, we have computed fractal dimension locally through a n × n window. Computing fractal dimension using a window with big size will be time consuming. Also, small size causes erroneous results. So, we have considered a 16 × 16 window to compute fractal dimension, locally.
According to the experimental results, we observed that Lesions and normal tissue categories have a fractal dimension in 2.1 < f d < 2.6 and 2.3 < f d < 3, respectively. But there is a little overlap between these two areas which make us not to be able to classify acute lesions from chronic lesions.
CLASSIFICATION OF ACUTE AND CHRONIC LESIONS
Multilayer perceptron (MLP) is employed to classify acute lesions from chronic lesions. After Registration of MRI images (T1-w, T1-Gad and T2-w) and segmentation of MS lesions in FLAIR images, fractal dimension is computed for each pixel locally and used with MRI signal intensities (T1-w, T1-Gad and T2-w) as feature vectors. The classifier is constructed using a three-layer MLP consisting of an input layer, a hidden layer and an output layer. The input layer has a number of nodes equal to the input vector length. The output layer consists of one node, accounting for a possibility of only 2 classes to be classified. Also, the number of nodes in the hidden layer is 20, which this number selected by trial and error method. This number of nodes in hidden layer makes best result for classification. Both input and output nodes use linear transfer functions, and the hidden layer uses a sigmoid function. The epochs in the data set were randomly divided into two sets: a Training Set and a Testing Set. 70% of the epochs are used to train the MLP while 30% were used to test the performance of the classifier. This process was done for 100 times to reach the average accuracy. The MLP was trained using the Back propagation strategy, and the termination criteria are the completion of 2000 training epochs or reaching a mean square error level of 0.01 for the training data set.
EVALUATION
The result of the chronic lesions classification based on fractal analysis method is compared with the gold standard. The similarity criteria, SI [17] , overlap fraction (OF) and extra fraction (EF) [18] , are calculated for the all selected (learning and test) slices. The SI is a criterion for the correctly classified chronic lesions area relative to the total area of chronic lesions in both the gold standard and the area of the segmented image. The OF and EF specify, respectively, the areas which have been correctly and falsely classified as chronic lesions areas relative to the chronic lesions area in the gold standard. The similarity criteria are defined by the Eq. implemented on different FLAIR images using a Pentium (R) Dual-Core CPU 2.00 GHz, 2.00 GB RAM. In  Figures 3(a) -(c) a typical original image as a sample slice in FLAIR and its corresponding T1-w, and Gad-E-T1-w images have been shown, respectively. Indeed, the pro-posed algorithm has three steps. In the first step, The MS lesions were segmented in FLAIR images. Figure  3 (d) displays the result of gray level slice of the segmented MS lesions. The numerical results of the similarity criteria obtained in this step were compared to the results previously reported by the researchers such as Johnston et al. [20] , Boudraa et al. [21] , Leem put et al. [22] , and Zijdenbos et al. [23] , who used similar methods for their evaluation (i.e., SI). It is reminded that these researchers have used manual segmentation for evaluation of their methods. We, too, used manual segmentation for evaluation. Therefore, comparison of our method with these methods is reasonable. This comparison is done in Table 1 .
In these equations, TP stands for true positive voxels, FP for false positive voxels, and FN for false negative voxels. In binary segmentation, it is desired to achieve (SI, OF) є {0, 1} with regard to the amount of overlap between the segmentation outputs resulted from manual (gold standard) and the proposed segmentation approach. Theoretically, an optimized segmentation SI and OF should be close to 1 and EF should be close to 0. Practically, a value for SI more than 0.7 represents an excellent agreement [19] .
For evaluation of the segmentation of acute lesions, A similar procedure has been used and the results have been compared with the gold standard.
RESULTS
A novel method for determination of MS lesion subtypes according to their fractal dimension in FLAIR images was presented in this paper. The proposed algorithm was Means and standard deviations of SI, OF, and EF are equal to 0.75 ± 0.03, 0.74 ± 0.05, and 0.23 ± 0.06, re- spectively. These values show a better performance of MS (FLAIR) lesions segmentation for all the selected slices, as mentioned in the evaluation step. For classification of chronic and acute lesions using the method, the defined mapping was calculated and applied to the gray level slices of the lesions. The result of the mapping has been shown in Figure 3(e) . Also, for each lesion pixel in Flair image, fractal dimension is computed locally and is considered as a feature. The result of voxel classification into two stages: chronic and acute by applying a manually-selected threshold has been shown in Figure 3(f) .
As it can be seen, one of the chronic lesions is missed. The computed total volume for the chronic lesions (i.e., 0.165 cc) is much less than the value of true total volume (i.e., 0.37 cc).
Using the Eq.5 (5.1-5.3), means of the similarity criteria were computed for the learning slices (see the first row in Table 2 ). It is recalled, that the value of SI more than 0.7 is considered as an excellent segmentation [19] .
In the evaluation step, classification was performed for the test slices, then, the means and standard deviations of the similarity criteria were computed and showed in the second row of Table 2 .
The means of the calculated similarity criteria for the test slices compared to the learning slices decreased about 6% and 4% for SI and OF, respectively, and increased about 3% for EF criterion. In spite of a decrease in the SI value for the test slices, as this value is still higher than 0.7, the performance of the proposed algorithm is acceptable [19] . A comparison between the effects of the fractal dimension and signal intensity features is shown in Figure 5 . In this Figures 5(a)-(c) represent the Gad-ET1-w image of the sample slice, segmentation of the chronic lesions for manually-selected threshold, and segmentation based on fractal analysis method, respectively. The chronic lesions in the all images are indicated with blue arrows. As it is seen, for the fractal dimension value, all of the chronic lesions have been detected properly. The computed total volume of the chronic lesions (i.e., 0.35 cc) is very close to that of the true volume (i.e., 0.37 cc).
As it was mentioned before, these acute lesions have not been enhanced because of low value of blood brain barrier destruction or relative inactivity of the lesion that leads the lesion toward to chronicity. For comparison of the results of the based on fractal analysis method for segmentation of the chronic and the acute lesions, the based on intensity method was reapplied to the result of the mapping with the threshold preset automatically to 0.58. Then, the means and standard deviations of the similarity criteria were computed again for the all Selected slices (learning and test) (see Table 2 ). As it is seen in this table, the means of the calculated. Similarity criteria for the test slices compared to learning Slices decreased about 10% and 5% for SI and OF, respectively, and increased about 5% for EF. Like, the based on fractal analysis method, there are trivial differences between learning and test slices. In Figure  5 (d), the result of the chronic lesion segmentation performed by the based on intensity method has been shown. As it is seen, all chronic lesions have been detected correctly. The computed total volume of the chronic lesions (i.e., 0.345 cc) is very close to that of the true volume (i.e., 0.37 cc).
We selected based on fractal method as the reference method for segmentation of the chronic and acute lesions due to good accuracy according to Table 2 and low computational complexity, where, SI, Similarity Index; OF, Overlap Fraction; and EF, Extra Fraction.
